Power grid blackout data
The power grid blackout data analyzed in the main text and Supplementary Information comes from two real large scale blackout accidents 34 . The blackout was originally triggered by an opened line, and this failure spread and divided the Western
Interconnection into four electrical islands in the following two hours, which finally affected about 7.5 million customers.
Spatial correlation calculating method
We calculate spatial correlation using the formula given in Eq. 1 in the main text. In the model of cascading overload failures, every node in the lattice has a state value, which is 1 or 0. The value of 1 indicates a failure during the cascading failures, and otherwise it is denoted by 0. For each failure i with state '1', we identify all the sites j at a distance r (r-Δr, r+Δr) from it, and calculate the spatial correlation C(r) using Eq. 1.
For traffic congestions, we regard the red sites as failures ('1') and sites with other two colors as functional ('0'). Their configurations change according to real traffic situation in the map.
For blackouts in power grids, failures here include line and generator trips ('1') and functional components are '0' during a blackout. Since most of the cascading failures are electric lines tripped or out of service, line (edge) failures should be taken into account when calculating the spatial correlation of failures. We consider the midpoint location of every line as the position of the failure and calculate the spatial correlations using Eq. 1 for all the component failures.
We fit the correlation curves with standard ordinary least squares (OLS) methods and choose the best fitting slopes as scaling exponents considering the balance between the fitting range and fitting accuracy in this range. After weighing these two factors, the optimal fitting is chosen. The fitting accuracy of the scaling exponents can be measured by Pearson product-moment correlation coefficient (Pearson's r).
The absolute value of Pearson's r is between 0 and 1. The closer this value is to 1, the better the goodness of fitting is. We find that the minimum of these values is 0.91 for real traffic data, 0.82 for power grid blackout data and 0.95 for the model in lattices and small world networks.
Spatial correlation in congestion
We present here further examples of spatial correlations in congestions from the traffic data including 6:30 a.m., 8:30 a.m. and 10:30 a.m., corresponding to the start, the peak and the end of the morning rush hour. Results are averaged over 30 days. Similar as Fig. 1c in the main text, we find the spatial correlations of congestion decay as power-law with distance during rush hour, while the spatial correlations decay faster at off-peak hours (see Fig. S1 ). This result again suggests the universal feature of propagation patterns of congestion.
Spatial correlation in blackout
Using the concept of spatial correlations, we analyze the power grid blackout data occurred in WSCC on August 10, 1996 and calculate the spatial correlations of all component failures. Similar as another blackout on July 2 in Fig. 1d in the main text, spatial correlations in this blackout are also found to show power law decay with distance r (see Fig. S2 ). The exponent of power law found here is also similar as another example in the main text, which signifies the universal feature of the long-range correlation found in blackouts.
Evolution of correlation length
To reveal the evolution of correlation length, we study the dynamics of spatial range in model and real traffic. By definition, correlation length 25, 27 ξ is a distance when correlations vanish, i.e. C(r = ξ) = 0, which is illustrated in the model (Fig. S3a ) and real traffic (Fig. S4a, S4c ). In the model (Fig. S3b) , we find in the realization that the correlation length grows and reaches maximum when system is approaching criticality (p = p c ), when the number of failures become also maximal at criticality.
For traffic congestion (see Fig. S4 ), similarly, the correlation length increases dramatically and becomes maximal when time is approaching morning (evening) rush hours in a normal day, when the number of jamming also reaches maximum and global congestion is formed.
As seen from Fig. S3 and Fig. S4 , there is a strong positive relationship between the number of failures and the correlation length, which indicates the phase transition origin of spatial correlations in the model and real traffic. This relation can help to predict the dynamics of failure number and the onset of phase transition in real traffic.
Model in lattice
Cascading failures are usually induced by various types of pertubations, which are quantified in the model by removing a (1-p) fraction of nodes from a network. To study the spatial pattern of cascading failures, we assume a two dimensional lattice with link weights representing the randomness of real systems. We assume for simplicity and without loss of generality a Gaussian distribution of link weight, which is denoted by with mean μ = 1 and standard deviation σ = 0.2. It is also assumed 21 in the model that each network component has a load and tolerance α. The load quantifies the amount of flow that a node is requested to transmit, which is assumed to be proportional to the total number of shortest paths passing through it 35-37 . The load of node i can be denoted by ∑ , where is the number of shortest paths between node and , is the number of shortest paths between node and passing through node i. When the component's current load value L i is at least (1+α) times more than its original load, L 0 , this component will fail and its load will be redistributed to other components. Note that p and α are the main control parameters in the model, and their combined effects determine the propagation pattern of cascading failures.
We calculate spatial correlation based on this overload 21 model incorporated with percolation framework 24 , in the two dimensional lattice for different tolerance parameters α (see Fig. S5 ). It shows that almost all of spatial correlations seem to follow similar power law decay, independent of α. This suggests the universal feature of the spatial correlation found in the model, which matches the findings from real data.
Model in small-world network
While spatial correlations of congestion in real traffic are matched by the lattice model, real blackouts are found in the main text and SI to have weaker correlation. We hypothesize that this can be the result of long range connections (e.g. high-voltage power transmission lines), which is absent in the real road network and lattice model. To overcome this barrier, here we introduce rewiring, like in small world model 38 , into the original lattice model and study the spatial correlation. A q fraction of edges are disconnected and reconnected to randomly selected nodes. We calculate spatial correlations with different q and tolerance α, and find (see Fig. S6 ) that the spatial correlations of cascading failures in this small-world network decay slowly with distance as a power law similarly as the lattice model.
However, the exponent γ of spatial correlations is found to increase as the rewiring probability is increased. This means that the spatial correlations become weaker with the presence of long range connections as found here in real blackouts. 
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Figure S6. Spatial correlation in small world network. The spatial correlations of cascading failures in small world networks are found to follow power law decay with distance for different tolerance parameter ɑ and rewiring probability q, which are weaker than that in congestions and lattice model due to the presence of long range connections. (a) The case α=5, for different rewiring probability q=0.002 (squares), q=0.005 (circles) and q=0.01 (up triangles), with fitting exponents γ=1. 01, γ=1.29 and γ=1.40, respectively. (b) The case α=10, the exponents γ=1.09, γ=1.14 and γ=1.48 for q=0.002 (down triangles), q=0.005 (diamond) and q=0.01 (left triangles), respectively. Notice that the exponent γ for spatial correlation seems also independent of tolerance parameter α. Numerical simulations are calculated on small world networks with 10,000 nodes and have been averaged over 50 realizations.
